Introduction
The literature on the geography of innovation argues that knowledge flows between agents are geographically bounded since knowledge is in part tacit. Though the cost of transmitting codified knowledge may be invariant to distance, presumably the cost of transmitting noncodified knowledge across geographic space rises with geographic distance (see AUDRETSCH and FELDMAN, 1996) . Also in scientific research collaborations spatial proximity may occur as an important determinant of the intensity of collaboration between two actors (see KATZ and MARTIN, 1997) . Time and money required to engage in collaborations is limited which forces collaborating actors to be highly selective in choosing a collaboration partner. Thus, collaboration intensity between any two actors will not only be affected by learning opportunities, but also by the time and the coordination costs incurred by participating in collaborations (see HOEKMAN et al., 2009) . CUMMINGS and KIESLER (2007) illustrate the importance of coordination costs in research collaborations. These costs may increase with geographical distance, but also with the existence of institutional barriers or language borders, since long-distance collaborations are more time-consuming and yield additional travel costs (see, for instance, HINDS and BAILEY, 2002) .
From its beginning, the empirical literature on the geographic localisation of knowledge diffusion has faced numerous problems, particularly concerning the measurement of knowledge production and diffusion. KRUGMAN (1991, p. 153) states that "knowledge flows are invisible, they leave no paper trail by which they may be measured and tracked", pointing to difficulties in finding data on knowledge flows. However, during the 1990s the empirical research on the spatial diffusion of knowledge has significantly improved by using new indicators and introducing new (spatial) econometric methods. The pioneering study of JAFFE et al. (1993) uses patent citations as a paper trail for knowledge flows in the United Europe at a regional level to identify various determinants of knowledge diffusion. In general, these studies provide evidence -as assumed by BRESCHI and LISSONI (2001) -that the localisation of knowledge flows is to a lesser extent related to geographical distance effects, than to institutional or technological conditions, i.e. geographical proximity is not a sufficient condition for knowledge flowing between agents, but still conducive.
Other empirical studies focus on research collaborations to investigate the geographic localisation of knowledge flows. KATZ (1994) investigates the effect of geographical proximity for university collaborations in Canada, Australia and the UK, while LIANG and ZHU (2002) , PONDS et al. (2007) and HOEKMAN et al. (2009) use research collaborations as captured by joint scientific publications (co-publications) to analyse localisation effects of knowledge flows. The current study follows the research tradition focusing on research collaborations as captured by co-publications to investigate the geographical dimension of knowledge diffusion. The objective is to provide new empirical insights on the mechanisms of collaborative knowledge production in China by using new information on co-authored scientific publications, and to estimate how spatial, technological and economic characteristics affect the variation of collaboration activities between Chinese regions. We argue that the regional level is an appropriate choice since "Regions have played and will continue to play a key role in the advancement of S&T in China" (OECD 2007, p. 22 THAGARD, 1997; WRAY, 2002) . Differences in the geographical localisation of scientific disciplines may be related to the localisation of important research equipment, in particular in natural sciences, and to the use of ICTs. PONDS et al. (2007) provide evidence that geographical distance effects to collaboration differ across scientific subfields using Dutch copublication data. The remainder of the study is organised as follows. The next section highlights some general aspects of scientific collaborations in China, sheds some light on the Chinese (regional) policy context, and provides a short literature review. Section 3 describes the empirical setting of the study and discusses in some detail the co-publication data used accompanied by some descriptive statistics. In Section 4 we analyse spatial patterns of collaborative knowledge production across Chinese regions. Our territorial breakdown is composed of 31 regions, including the 22 provinces of China, five autonomous regions and four municipalities. We use a slightly modified Jaccard similarity coefficient to identify the relative strongest collaboration links in terms of attractiveness. Section 5 continues to describe the regional gravity model that we use to estimate separation effects of cross-region collaboration activities. The dependent variable are observed cross-region collaborative intensities, the independent variables include origin, destination and separation variables, such as the geographical and technological distance as well as the economic gap between regions. We use a Negative Binomial model specification to account for the non-negative, integer nature of our dependent variable and to allow for the overdispersion in the data by letting each pair of regions parameter have a random distribution of its own. Section 6 presents the estimation results for all co-publications as well as for six different scientific fields, before we conclude with a summary of the main results, some policy implications and a short outlook in the final section.
Scientific research collaborations in China
In the current era of the knowledge-based economy, it is widely agreed that research collaborations, both in the industry and the science sector, but also between the science and the industry sector, are essential for the successful production of new knowledge (see, for example, OECD, 1992, among many others). In the science sector, co-publications accounted for less than 10% of all publications at the beginning of the last century. In the 1990s, the share of co-publications has increased significantly to more than 60% of all publications (see WAGNER-DOEBLER, 2001 CHEN and WANG, 2003) . This system has imposed strict limitations on ordinary Chinese citizens changing their permanent place of residence.
Employment, housing, and social benefits are commonly linked to hukou identification. Rural migrants to urban areas are often unable to obtain equal access to public services such as health care and education. Also the mobility of researchers for scientific knowledge production is affected by the hukou system. For instance, it is more difficult for researchers to move to another university located in a city for which they have no hukou. Furthermore, regional authorities at the province level play an important role to allocate S&T resources in China. 93% of public research institutions in China are mainly funded by local governments (NBS, 2007) . Thus, research collaborations between research institutions located in different regions face significant barriers coming from regional protectionism (see also OECD, 2007 information. Second, we found that some publications are inappropriately classified according to the six thematic fields given in the CNKI database. Further, more general limitations to the use of co-publication data are provided in HOEKMAN et al. (2009) . Despite these shortcomings, we still consider our data appropriate and very useful given our research objectives, in particular due to the large sample size used.
By nature of our research question, we need to construct region-by-region co-publication matrices based on a two-step procedure: First, we produce a general region-by-region copublication matrix including all publications (i.e. irrespective of the thematic field), that we label Y, by aggregating the number of individual co-publications to the regional level 4 . y ij represents one element of Y denoting the number of observed co-publications between two region i and j. Thus, Y contains the co-publication intensities between all (i, j)-region pairs,
given the i =1, …, n = 31 regions in the rows and the j = 1, …, n = 31 regions in the columns 5 .
Second, the sector specific collaboration matrices for our six thematic fields are extracted from Y, by excluding all publications not belonging to the respective thematic field. We end up with six further n-by-n collaboration matrices for each thematic field, labelled
for Natural Sciences & Engineering and Y (soc) for Social Sciences. As a prelude to the analysis the follows, Table 1 
Spatial patterns of Chinese research collaborations
This section sheds some light on spatial patterns of Chinese research collaborations as captured by co-publications. Figure 1 presents the cross-region network of knowledge flows across Chinese regions. It can be seen that the region of Beijing is the central hub in this spatial co-publication network. One line represents one co-publication link between two regions i and j, the size of the nodes corresponds to a region´s degree centrality, i.e. the number of links of one region from a projected network analysis point of view. At a first glance, the results indicate that co-publications spread out star-shaped from the region of
Beijing to all other regions. This may not only be explained by the fact that most universities and researchers are located there. The total number of co-publication links of Beijing equals to 117,226, followed by the region of Jiangsu (60,072) and the region of Guangdong (58,166).
The highest cross-region interaction intensity is observed for the region pairs Beijing and Shandong (2,526), followed by Beijing and Shaanxi (2,341) and Beijing and Guangdong 
Figure 1 about here
This exploratory spatial analysis reveals cross-region co-publication flows in terms of absolute link size. However, from social network analysis we know that we should consider the relative strength of the links between nodes, i.e. regions in our case. One appropriate measure to capture the relative size of the cross-region collaborative links is the Jaccard index (see, for instance, LEYDESDORFF, 2008). In our study the index is defined as The calculation of the J ij coefficient for our (i, j)-region pairs leads to interesting results concerning the spatial structure of cross-region co-publications in China. Table 2 presents the top 5 collaborative links in terms of the Jaccard index J ij for all co-publications and for copublications in different scientific fields. First, it comes out that the relative strongest links are different from the highest links in absolute numbers. Second, by far most of the relative strongest links correspond to collaborations between regions that are direct spatial neighbours.
It is notable that the connectivity Beijing does not particularly stand out according to the Jaccard index, though Beijing has a rather central role for scientific knowledge production in China as illustrated by Figure 1 . This is mainly the outcome of the high geographical diversification of regions collaborating with Beijing, while, for instance, collaborations of the 
where O i is a function characterising region i of interaction, D j is a function characterising region j of interaction, while S ij is a function characterising the separation between two regions i and j. We follow classical spatial interaction theory (see, for instance, SEN and SMITH 1995) and specify origin and destination functions by using power functions as questions, the focus of interest is on the spatial separation function S ij that is specified as (1) ij s denotes geographical distance between two regions i and j as measured in terms of the great circle distance between the capital cities of the regions 11 .
(2) ij s is a dummy variable that is set to one if two regions i and j are physical neighbours, and zero otherwise 12 .
(3) ij s accounts for the economic gap of two regions i and j and is defined as
where G i and G j is the Gross Regional Product in 2007 for region i and j, respectively 13 .
Furthermore, we add two variables that control for the fact that China is characterized by huge disparities between the coastal area and the rest of China 14 .
(4) ij s is a dummy variable that is set to one if either or both regions i and j are located in the coastal area of China, and zero otherwise, while Integrating Equations (4)-(6) into Equation (2) leads to the empirical model:
At this point, we are interested in estimating the parameters 1 2 , 
The parameters are estimated by standard Maximum Likelihood procedures using Newton
Raphson iterations (see CAMERON and TRIVEDI, 1998) .
Specification (10) implies a particular form of heteroscedasticity due to equality of the conditional mean and the variance of Y ij given X ij . This indicates that the independent variables are assumed to account for all individual deviations. However, in a multiregional setting the existence of unobserved heterogeneity is very likely and may lead to biased estimates (see HAUSMAN et al., 1984) . A common strategy to overcome the problem of unobserved heterogeneity is to introduce a stochastic heterogeneity term, exp(ξ ij ), in the conditional mean leading to a probability distribution given by
with 0 1 2 
Model estimation is again done by Maximum Likelihood estimation procedures (see CAMERON and TRIVEDI, 1998 for details on the ML estimation). 
Estimation results

2007; SCHERNGELL and BARBER, 2009). In an integrated research area collaboration
patterns should be based solely on scholarly ground, and not impeded by geographical barriers. Thus, we conclude that China´s regional integration policy faces a big challenge, in particular -but not exclusively -because of negative geographical distance to inter-regional collaborative knowledge production. There seems to be a clear need for further harmonising the Chinese research and education systems.
Table 3 about here
A specific type of localisation is reflected by the estimate for 2 β = 0.254, indicating that collaboration probability increases between regions that are physical neighbours, while suggesting that this effect is slightly smaller in magnitude than the effect of geographical distance. The estimate for the coastal area dummy variable ( 4 β = 0.169) indicates that the mean collaboration probability between any two regions increases when at least one region is SCHERNGELL and BARBER, 2009 and 2010) . This supports the conclusion that geographical proximity is not a sufficient condition for collaborations to occur between researchers, but still conducive. Regarding the impact of the economic gap between two regions on their collaboration probability ( 3 β = -0.048), we find -though significant -a rather small effect. As expected, the estimates for the mass terms (α 1 =α 2 =1.001) are close to one, indicating that a higher number of research staff in a specific region increases the likelihood of collaboration with other regions. However, for Information Technologies we also find the highest neighbouring region effects, i.e. though negative effects of geographical distance are relatively lower, collaborations in this field are subject to a specific type of localisation, namely an increasing collaboration probability between neighbouring regions. The highest elasticity of collaboration intensity with respect to geographical distance is identified for the fields Economics and Medicine, while for the other fields the magnitude of the geographical distance effect is closer to the average for all publications. Regarding the estimates for the other separation variables in the sector-specific models given in Table 4 , the results of the model for all co-publications are generally confirmed, though some estimates are not significant anymore. Figure 2 visualizes the geographical distance decay probability on cross-region copublications in China in different scientific fields along with the distance decay for all copublications. In general, the curves demonstrate that the probability of cross-region copublication activities is geographically bounded. Other things being equal, for total copublications the collaboration probability decreases by about 57.12% within a distance of 300km. Further, it is clearly shown that for Information Technologies the distance decay associated with the probability of cross-region collaboration is much lower, pointing to a probability decrease of about 25.5% within a distance of 300km. The strongest decay is observed for Economics and Medicine. 
Table 4 about here
Closing comments and discussion
The empirical analysis of knowledge flows and knowledge diffusion in geographical and technological space is one of the key research areas of contemporary economic geography and economics of innovation. The study at hand adopts a regional gravity model framework to analyse the variation of cross-region collaborative knowledge production in China as captured by scientific co-publications. We focused on the question whether geographical space is a significant determinant of collaborative knowledge activities between Chinese regions, at the same time controlling for economic and technological differences. We use a Negative
Binomial model specification of our regional gravity model to allow for overdispersion in the data.
The analysis has produced a number of interesting results in the context of the relevant empirical and theoretical literature. The probability of collaboration between researchers significantly decreases by geographical distance. Furthermore, technological distance between regions shows a somewhat larger negative effect on cross-region collaborative activities, indicating that the collaboration probability increases between regions that are located close to each other in technological space. By this, our study confirms the hypothesis for the Chinese case that the localisation of knowledge flows is to a lesser extent related to geographical distance effects, than to technological conditions, i.e. geographical proximity is not a sufficient condition for collaborations to occur between researchers, but still conducive.
However, geographical effects are statistically significant across all scientific disciplines, though its magnitude varies. In the fields of Information Technologies and Natural Sciences and Engineering we find a lower negative effect of geographical distance. This may pertain to Concerning a future research agenda, at least two points come to mind: First, a dynamic analysis of collaborative knowledge production as captured by co-publications across Chinese regions would provide valuable insight into the evolution of the estimated effects over time.
The influence of the above mentioned policy measures could be more accurately analyzed under the framework of a dynamic model. Second, analysing other indicators for cross-region knowledge flows, such as co-patents or patent citations, would be important to enrich our understanding on the mechanisms of knowledge diffusion in China.
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5 Note that the n-by-n matrix is symmetric by construction (y ij = y ji ).
6 Note that Equation (1) is equally applicable to the sector specific networks. We do not distinguish between them in the formal presentation. 7 The index of specialization calculated in this study is defined as 11 According to BRÖCKER (1989), we calculate the intra-regional distance as
, where A i is denotes the area of region i, i.e. the intra-regional distance is two third the radius of an presumed circular area.
Note that we refrained adding an intra-regional dummy variable to the model due to high correlation with the logarithm of the geographical distance variable
(1) ij s .
12 Physical neighbours are defined to share a common border. Note that intra-regional observations are not part of this reference group, i.e. a region cannot be a neighbour to itself.
GRP data come from the China Statistics Yearbook 2007 (NBS, 2007).
14 These disparities -reported in a large number of empirical studies (see, for instance, LIU and JIA, 2008; XU et al., 2005) -cannot be captured by the other covariates. The differences do not only refer to economic disparities, but also to cultural, educational, social and institutional ones. For instance, WALSH (2007) provides empirical evidence that the vast majority of foreign invested R&D centers are located along the eastern coast. This might attract researchers to collaborate with other researchers located in these regions.
Thus, we strongly assume that it is important to account for a coastal area and central area effect in the model in order to avoid an omitted variable problem. 15 The coastal area includes the regions of Beijing, Fujian, Guangdong, Guangxi, Hainan, Hebei, Jiangsu, Liaoning, Shandong, Shanghai, Tianjin and Zhejiang. The central area is composed of the regions of Anhui, Heilongjiang, Henan, Hubei, Hunan, Jiangxi, Jilin, Nei Mongol and Shanxi. 16 The technological classes used correspond to the second-digit level of the IPC systems. 17 The additional parameter γ changes assumption (10) by
natural form of overdispersion in that the overdispersion rate is
Note that when γ = 0, model (12) collapses to the standard Poisson specification as given by Equation (8).
18 Another way to deal with the problem of unobserved heterogeneity is to use quasi maximum likelihood estimation strategies. We prefer the Negative Binomial solution as it allows the likelihood ratio and other standard maximum likelihood tests to be implemented (see ISMAIL and JEMAIN, 2007) . Year Plan (1953 -1957 ), The Tenth Five-Year Plan (2001 -2005 and The Eleventh Five-Year Plan (2006 -2010 OECD ( CHATTERJEE et al., 2000) .We tested the residual vector for the existence of spatial autocorrelation which can also be a problem in the context of interaction data (see FISCHER and GRIFFITH 2008 Notes The dependent variable is the cross-region co-publication intensity between two regions i and j in different scientific fields. The independent variables are defined as given in the text. Note that due to symmetry of the origin and destination variables we have a special case with [α 1 =α 2 ]. Technological distance is not included in the sector-specific models. We tested the residual vector for the existence of spatial autocorrelation which could be a problem in the context of interaction data (see FISCHER and GRIFFITH 2008) . The respective Moran´s I statistic is insignificant, i.e. spatial autocorrelation in the error term does not exist. *** significant at the 0.001 significance level, ** significant at the 0.01 significance level, * significant at the 0.05 significance level. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
